Subjective evaluation of assistive technology solutions often has access to limited number of representative users in the rating process. Sometimes non-representative users (e.g. a blind folded person as blind) act as subject to increase the number. Most of the case same data collection process, self-reported measures (e.g. questioners) are used for both [1] groups of users. In the data collection process, representative users need to express their subjective opinion to data collector (facilitator). This can introduce cognitive bias and may hinder the relatively unbiased data collection. The intermediary assistance causes direct or indirect influence to the rating process and makes the rating process slower and less objective. It also affects the "privacy" and may have issues, such as 'Forer effect' [2] or 'Hawthorne effect' [3] . Figure 1 shows a schematic diagram of subjective data collection. A representative subject is participating in the rating process with the help of a 'facilitator' . In step one, the facilitator may ask a question to the subject with subject's preferred medium of instruction (audio, Braille etc.). The subject may understand the question (step 2) and answer with a subjective score (step 3) or may not able to answer due to medium or other problem. If subject answer the question, the next step of the facilitator is to record the score on behalf of subject (step 4) or repeat the question (if necessary changing the medium).
Self-reported measure suffers from predictive bias [4] . Use of the same measure in disability experiment is unreliable and affected by experimental biases [4] . To resolve bias issues, a paired comparison testing was reported in [5] -which is weighting the rating scores by subjects participated in the study. The paired comparison is unable to address underlying bias issue. We propose a technology mediated approach that includes subjective rating with user observation (secondary) to solve the existing problem. The rational to choose a hybrid approach is that removing some bias may improve the reliability of the subjective rating.
The hybrid approach aims to combine subjective rating (un-weighted) with weights given by experts. The indirect weight can be computed by experts' analysis on postexperiment recorded video combining with subject's ability profile. The hybrid approach combines the quantitative data from subjective rating and weighted qualitative analysis of rating validation on the video.
Two different cases were analyzed to show the utility of the proposed approach. The first experiment considers usability and mental workload analysis of blind subjects during interaction with RMAP [6] (reconfigured mobile android phone)-an android application to read printed text. The second experiment is a cross-disability communication experiment [7] performed to assess the mental workload of four participants in designing four different design of the same problem-different design mode of communication using android application and other devices. NASA-TLX rating scheme was used in both assessment [8] .
We perform Cronbach alpha test [9] to ensure the reliability of the score and use a gradient descent algorithm to update the alpha score (weights) in the process of hybridization. We also apply Kano analysis [10] , to see whether subjects are satisfied or not with the new rating process.
The rest of the paper is organized as follows. The "Background" summarizes reported works to set the context of research. The subsequent sections ("Research method" and "Results and discussion") explain the proposed hybrid method with two experiments. Finally, "Conclusion" concludes the paper with lessons learned and future works.
Background
Little is known about the self-reported subjective measures with disable people. Dickinson et al. [11] , describe self-reported Quality of Life (QoL) of children with cerebral palsy, factors that influence it, and how it compares with QoL of the general population. With relation to QoL, participation, and environment, White-Koning et al. [12] , extended the subjective-evaluation with cerebral palsy study. A different rating scale is proposed in Stoyanov et al. research [13] , claiming that the scale allows for the appropriate calculation of weighted values of rater agreement and accounts by quality subscale from the overall mean app quality score, due to its subjective nature. McFarland et al. [14] proposed a two-state process, means taking the rating what is common is considered as true rating. Likewise, Dai et al. [15] extends a rating scale considering the concept of the agency theory, which states that, the objective and subjective measures should be weighted equally. They proposed a model to weight subjective versus objective measures. Kilman et al. [16] proposes subjective ratings of masker disturbance during the perception of native and non-native speech, as an application of second language speaker. Very few of these are suitable in assistive technology usability evaluation. Hence, an ongoing demand for adaptive technology with qualitive and quantitative measures are comparative. Connection to that, a brief review on rating related metrics: the rating effects, rating bias, issues in un-bias rating and pair comparison approaches are reviewed as following:
Rating effects
The individual ratings are high for applications that are tailored to ones specific need. Such ratings are rarely useful and general enough to apply to a diverse population. The effect is known as 'Forer effect' , or sometimes 'Barnum Effect' [2] . Some studies have found that subjects give higher accuracy ratings for three reasons: (a) the subject believes that the analysis applies only to him or her, and thus applies their own meaning to the statements [17] , (b) the subject believes in the authority of the evaluator, and (c) the analysis lists mainly positive traits [2] . A closely general and related effect to the 'Forer effect' is the 'subjective validation'; a person will consider a statement or another piece of information to be correct if it has any personal meaning or significance to them [1] . In disability data collection, the facilitator or interviewer assists the subject in the rating process. The subjects need to express his/her opinion in witness of the facilitator. The problem with this observation is well known Hawthorne effect [3] . Hawthorne effect affects subjective rating reflecting idealized rather than typical behavior.
Rating biases
Since stimulus bias has been shown to be substantially more effective with category ratings than with magnitude estimation, Pollack restricts examination to category rating scales [2] . There are a number of other biases worth mentioning for the sake of clarity and completeness. 
Issues in unbiased rating
Friedman [17] examined issues involved in creating a relatively unbiased rating scale. These are: (1) connotations of category labels; (2) response alternative effects; (3) implicit assumptions of the question; (4) forced-choice vs. non-forced-choice rating scales; (5) unbalanced and balanced rating scales; (6) order effects; (7) direction of comparison; (8) optimal number of points; (9) context effects; (10) rating approach, e.g., improvement needed, performance, comparison to expectations, comparison to ideal, etc. These are briefly explained in Table 1 .
Paired comparison approach
In cognitive psychology paired comparison technique works with pair-wise comparing entities to judge which of each entity is preferred, or has a greater amount of quantitative property [8] . The method of pair-wise comparison is used in the scientific study of preferences, attitudes, voting systems, social choice, public choice, and multi-agent AI systems. Suppose we have two mutually distinct alternatives x and y, the preference can be expressed as a pairwise comparison. For instance, the agent prefers x over y: "x > y" or "xPy". The agent prefers y over x: "y > x" or "yPx"; or, agent is indifferent between both alternatives: "x = y" or "x|y".
NASA-TLX
The NASA task load index (NASA-TLX) is developed by the Human Performance Group at NASA's Ames Research Center [8] . NASA-TLX is a multidimensional subjective rating tool that rates perceived workload, in order to assess the task, system, or team's effectiveness or other aspects of performance. Six sub-scales in NASA-TLX are mental demand, physical demand, temporal demand, performance, effort and frustration [8] . That applies paired comparison technique known as the weighted NASA-TLX method to resolve the bias issues [5] . It requires subject's more (at least double) involvement in the rating process [23] , which is not plausible in disability study context. In our work, the hybridization process runs with subjects rating and post-rating analysis of the rating process (expert's rating about rating).
Research method
To the best of our knowledge, either 'Forer' or 'Hawthorne' is not incorporated in any subjective rating system. To analyze these effects and bias in rating processes, we collect multidimensional data, rating data with quantitative and qualitative properties. For instance, with the subjective rating, user observation (recording video) and posttask interview are conducted for secondary (experts) evaluation and weight computation. A quantitative analysis may apply in rating scores. While the qualitative measures (4) Forcing a choice A forced-choice rating scale will bias results by eliminating the undecided and/or those with no opinion. In disability study, this is a crucial consideration (5) Unbalanced rating scales Generally, rating scales should be balanced, with an equal number of favorable and unfavorable response choices. Example: (unbalanced) "Excellent, " "very good, " "good, " "fair, " "poor. " This scale is unbalanced, with three favorable and only one unfavorable response choice (6) Order effects in rating scales Traditionally, researchers present the most positive items in the scale first (e.g., "strongly agree, " "extremely interesting, " or "extremely satisfied") and the most negative items last ("strongly disagree, " "very boring, " or "extremely dissatisfied") Ideally, a rating scale should be consistent enough points to extract the necessary information. Variability can be improved by using scales with too many points (9) Context effects Many surveys consist of a series of questions whose purpose is to help the researcher determine which factors correlate most strongly with the subjects' overall opinion. Some questions may influence by subsequent questions like-flow graph analysis, critical incidence, fact gathering may apply for weighting the subjective rating. The process is shown in Fig. 2 . A hybrid rating system combined with the Kano model in subjective data collection can provide a much needed objectivity and un-biased rating in the usability study. A case study is used to explain the processes in our laboratory experiment.
With multidimensional data, we apply Cronbach alpha [9] and Kano [10] analysis to gain perspective about user's satisfaction score. Test failure of this analysis will necessitate the requirement of hybridization. Also, in the hybridization process we compute the weight from secondary or tertiary evaluation of data; the weight is updated if necessary and adjusted with rating scores. The process can be continued unless we have an acceptable alpha score and satisfaction score. The research steps are shown in Procedure 1. Example-multidimensional data collection process [7] Datasets Two datasets are used in this study: (1) reconfigured mobile android phone (R-MAP) dataset [6] and (2) cross-disability communication dataset [7] . NASA-TLX data is considered as the rating data and the observation during data collection are coded with critical incidence analysis are considered as weights to modify the NASA-TLX. Brief descriptions of data sets are as following:
1. R-MAP dataset-This study was conducted between two groups: representative and non-representative [5] . In the representative group, there were four blind people; two are non-expert, and two are expert. Expertness is considered based on their experience smart phone use experience for more than a year. The second study group (nonrepresentative) contained twenty blindfolded participants; ten of them are considered an expert and the other ten participants are non-expert. Participants were trained and were asked to use the R-MAP to read different objects, documents that have text in it (e.g. texts from a text book). The data collection process is passed through the institutional review board. R-MAP subjective rating dataset uses the concept of the NASA task load index [8, 5] with six dimensions to assess mental workload: mental demand, physical demand, temporal demand, performance, effort, and frustration.
This dataset also contains five dimension usability scores: learnability, satisfaction, errors, efficiency and memorability [24] . R-MAP questioners are shown in Tables 2 and 3 . Table 2 NASA-TLX used in R-MAP subjects' mental workload assessment
Scale Description
Mental demand How much mental and perceptual activity was required (e.g. thinking, deciding, calculation, remembering, looking, searching, etc.)? Was the task easy or hard, simple or complex, extracting or forgiving?
Physical demand
How much physical activity was required (e.g., pressuring during tapping interface, tapping in different locations, double-tapping, position the camera, positioning your hand, positioning the item etc.)? Was the task easy or hard, slow or fast, slack or strenuous and restful or laborious?
Temporal demand How much time presser did you feel due to the rate or pace at which the task or task element occurred? Was the pace slow and leisurely or rapid and frantic?
Performance
How successful do you think you were in accomplishing the goals of the task set by experimenter? How satisfied were you with your performance in accomplishing these goals?
Effort
How hard did you have to work (mentally and physically) to accomplish your level of performance?
Frustration level How insecure, discouraged, irritated, stressed, and annoyed versus secure, gratified, content, relaxed, and complacent did you feel during the task? Table 2 shows the description of NASA-TLX dimensions. Five step graded response scales are used to obtain ratings for these dimensions. A score from 0 to 10 is obtained on each scale. The six individual scale rating are combined using a weighting procedure (Table 4) . A cumulative workload score from 0 to 1 is obtained for each rated task by multiplying the weight by the individual dimension scale score, summing across scales, and dividing by individual average score we normalized the score.
2.
Cross-disability communication dataset-The cross-disability dataset is more qualitative dataset than quantitative [7] . Four usability experts participated in a discussion of cross-disability communication improvement. A deaf (Doris), a blind (Bob) a deafblind (Debra) with a facilitator (Jon) set in that conversation. The naming convention (not the actual name) is used for the simplicity. The fifth person was instructed to record the conversation, which is later used in critical incidence analysis. A snapshot of the experimental setting is shown in Fig. 3 .
In the whole conversation, four different types of communication design (to deaf vs. blind communication) were discussed. These four designs are: (1) speech-text-speech, (2) speech-sign-speech, (3) Braille-text-Braille and (4) Braille-sign-Braille. Figure 4 shows one such design between (Speech-sign-speech). The experiment is conducted without any time bound [25] . Through this process, NASA-TLX score was recoded for each design.
CD-1 (communication design one-speech-text-speech)
Speech from Bob can be encoded, then sent to Doris and she can read, and then text her reply with decoded as speech to Bob. Considerations: Bob cannot type, but speak and listen on the other hand Debra cannot speak or listen, but read text and type.
CD-2 (communication design two-speech-sign-speech)
Speech from Bob can be encoded, then sent to Doris and played by the avatar to mimic the sign (ASL) to Doris, and finally Debra replays by the sign that is encoded to speech and sent back to Bob (Fig. 4) . Considerations: Bob cannot type, but speak and listen on the other hand Doris cannot speak or listen, but read text and type.
CD-3 (communication design three speech-sign-speech)
Braille from Bob can be encoded, then sent to Doris as text and she can read and reply text to Bob that is decoded to Braille again.
CD-4 (communication design four-speech-sign-speech)
Braille from Bob can be encoded, then it can be sent to Doris and played by the avatar to mimic the sign (ASL) to Doris, and finally Doris replays by a sign, that is encoded to Braille and send back to Bob.
After each design discussion, they are asked to answer usability and cognitive load questioners (scored as 0-10 points). Same usability questionnaires (Table 3) and NASA-TLX (Table 2-modified in Table 5 for collaboration perspective) was used. These critical incidences (observations) are processed to find inherent causes and used to estimate weights of the expressed opinion.
Measurement

Alpha test
Cronbach's alpha [9] is widely believed to be an indicator of the degree to which a set of items measures a single one-dimensional latent construct and useful in reliability testing of scores. Cronbach's alpha statistic is widely used in the social sciences, business, nursing, and other disciplines. Researchers investigate that alpha can take on quite high values even when the set of items measures several unrelated latent constructs [26, 27] . As a result, alpha is most appropriately used when the items measure different substantive areas within a single construct. Alpha can be artificially inflated by making scales which consist of superficial changes to the wording within a set of items or by analyzing speeded tests. In this case, alpha treats any covariance among items as true-score variance [26] . Alpha is not robust against missing data and in case of more than one construct. Coefficient omega or other may be more appropriate when the set of items measures more than one construct [28, 29] .
Coefficient alpha is computed from the item variances with the ratio of variances as the sum of the n item variances divided by the total test variance.
Where, n = number of rating questions; σ 2 I = variance of score on each question; σ 2 T = variance of score in all questions. Table 6 shows acceptable alpha scores.
Kano analysis
Kano analysis [10] is performed to get insight of user satisfaction in the rating process. It is a widely used usability tool that focuses on differentiating any features of the operation, as opposed to focusing initially on user's needs. Kano also produced a methodology for mapping consumer responses to questionnaires onto his model which may be useful incorporating with a traditional rating system. The adoption of Kano model for disability study is shown in the Fig. 5 . The diagonal line (blue) indicates the one-dimensional expected need of the user. The curve in the bottom (red) indicates the user's basic need which is known as a must-be requirement and the curve in the top (green) represents the excitement needs in terms of attractive requirement [10] . Dotted lines are used to represent scales of user acceptance and satisfaction. The horizontal dotted lines represent satisfaction and the vertical lines are aligned with user's acceptance scores.
A pair of Kano questioners is shown in Table 7 . Table 8 shows a Kano evaluation process.
The user satisfaction coefficient (US-coefficient)
The US-coefficient is indicative of how strongly a quality feature may influence satisfaction or, in case of it "non-fulfillment" user dissatisfaction. To calculate the average impact on satisfaction, it is necessary to add the attractive and one-dimensional columns and divide by the total number of attractive, one-dimensional, must-be and indifferent responses. For the calculation of the average impact on dissatisfaction, we add the "must-be" and "one-dimensional columns" and divide by the same normalizing factor (Eqs. 2 and 3). The scores are evaluated using the frequencies of criteria M > O > A > I and the equations below:
where, A = Attractive; M = Must be; R = Reverse; O = One dimensional; Q = Questionable result; I = Indifferent. According to Kano explanation, the positive US-coefficient ranges from 0 to 1; the closer the value to 1, the higher the influence on user satisfaction. The minus sign in dissatisfaction Eq. (3) indicate negative influence on customer satisfaction if this product quality is not fulfilled. If the value of dissatisfaction approaches −1, the influence on customer dissatisfaction is especially strong, and product feature is not fulfilled. A value of about 0 signifies that this feature does not cause dissatisfaction. The satisfaction and dissatisfaction scores are based on the frequencies of M, O, A, I and R. Some rules can be followed which are known as evaluation rule. M > O > A > I must-be > one-dimensional > attractive > indifferent.
The quality improvement index (QI)
The QI is the ratio calculated by multiplying the relative significance of a usability requirement (self-stated importance) for the subject with the gap value of the facilitator rating scale in the questionnaire where, RI = Relative importance, EF = evaluation of facilitator, and ES = evaluation of subject.
The value is indicative of how important the feature, service or process requirement is in terms of the quality improvement. The higher value in the positive range, the higher the relative improvement of quality form subjective viewpoint. However the higher negative values of this index, the higher the relative competitive disadvantage. 
Critical incidence observation
Critical incidence combine (What + emotion + Why) from a given observation [30] .
What-provides an in-depth description of the event and try to write it without judgment or interpretation. Emotions-describes the feelings the subject was 'experienced' with the incident. Why-explains why the incident was meaningful to us, and then put observer in the position of the subject and explains from their perspective why the incident was meaningful. critical incident analysis considers the position of observer-What is some of his personal beliefs related to expert knowledge that he/she identified when reflecting on this incident? After considering this incident, what he/she would do differently in light of new understanding? The hybrid approach encompasses the un-weighted NASA-TLX system and experts rating (weights) on the recorded videos. The matters of considerations are subjective experiences, functional states, task difficulty and time pressers [31] . The weight range considered (5-1 scale) as like Table 4 .
Gradient descent rule
Gradient descent search can be performed to reduce the error in critical incident analysis through adjustments of weights [32] .
where, D (w) is the gradient and η is the learning rate (small, positive). This moves us downhill in direction D (w) (steepest downhill direction), how far we go is determined by the value of η and the critical incidence learning rule may be an especially case of this general gradient descent rule. The algorithm is as flowing:
Algorithm (GDR)
Step 1: Pick an initial set of weights w, e.g. randomly
Step 2: Evaluate D (w) at w
Step 3 Else, move again in weight space
Step
5: In critical incidence learning, D (w) is ( t(i) -σ σ [f(i)] ) dσ[f(i)] x j (i); where, error = t(i) -σ[f(i)], c = dσ[f(i)] and critical incidence = x j (i);
= standard deviation.
Gradient descent rule needs a number of assumptions to be satisfied in order to succeed in convergence. To keep it simple for wide range of readers from different disciplines, we computed the initial value 0.5, the average of normalized maximum (1.00) and minimum (0.00) possible value ((1.00 + 0.00)/2). Total number of iteration required to converge will be sensitive to initial value. For instance, we start with 0.5 as the initial weight and performed five iterations, which are shown in result section (Table 11) . 
Results and discussion
In order to assess the reliability of collected subjective NASA-TLX scores, we apply the alpha test in two datasets. Alpha test results on R-MAP dataset and Cross-disability communication dataset are shown in Tables 9 and 10 , respectively. It was observed from Table 9 , that R-MAP dataset has an acceptance result (>0.80 which is >0.7). This is consistent in both mental workload and usability assessment.
The problem of data reliability takes part in cross-disability data analysis. In unweighted cross-disability NASA-TLX, all scores lose reliability in terms of alpha (Table 10 ). Alpha in weighted NASA-TLX (weighted by subject) shows the worst reliability score of all datasets.
In the secondary analysis of traditionally collected data, facilitators scored for Kano analysis. The collection of satisfaction and dissatisfaction scores can be as following. Along with the usability data collection procedure, like with a question "How easy it was for a user to accomplish basic tasks at the first time?", facilitator might observe how do the subject feel while answering a satisfactory score of the question. The facilitator can score about that score in (0.0-1.0 scale). Facilitators may arbitrarily consider fair or poor scores. For instance, let x (max value = 10) be the score to be considered by the facilitator. If x > 6, it can be considered as a good score. if x < 4 a poor score, score 4-6 may be ignored-the means the original score is good, and there is no need to change. Similarly, for the dissatisfaction score, the facilitator may score for how does the subject feel while answering a poor score of the question "How easy it was for a user to accomplish basic tasks at the first time?" Figure 6 shows a simulation result of the five usability scores in term of Kano model. User satisfaction coefficient (US-coefficient) plot is shown in Fig. 6a . A positive UScoefficient which approaches 0 signifies that there is very little influence. Again, the negative US-coefficient −1 indicates that the influence on user satisfaction is especially strong if the analyzed usability feature is not fulfilled. A value of 0 signifies that this feature does not cause dissatisfaction if it is not met. Finally, the quality improvement index can be computed as Fig. 6b , which will give more inside on acceptance or decline of futures in existing design. In existing data, it is found that, with some disadvantages, users accepted two usability features (Q1) and acknowledges three irrelevant features (Q3). A Matlab simulation was performed (delta rule) on experts predicted weights with some initial values with Kano observation of user satisfaction. The initial weight for all load types is assigned 0.50, assuming the average of the possible maximum (1.00) and minimum (0.00) values. Updated weight is applied to modify the user expressed score. The alpha test is applied on the data and checked its reliability. This process continued until we have a reliable score (0.0-0.7). The final weights and alpha score of modified dataset are shown in Tables 11 and 12 . The generated weights are computed from maximum fifth iteration.
Conclusion
Subjective rating scales are used quite frequently in almost every aspect of research and practice for the assessment of workload, fatigue, usability, annoyance and comfort, and lesser known qualities such as urgency and presence [30] . The biased data can impede the actual need of target user and inferences obtained may not reveal the true nature of the problem leading to poor acceptances to target community. But, in disability research, same methods are being used for a long time with the help of an interpreter/moderatorfacilitator. We tried to show the issues related to data reliability and acceptability of such rating system in disability study.
The hybrid approach, with alpha score and Kano model, can be used to distinguish relevant (acceptable) rating from irrelevant (un-acceptable) ratings and to find the best possible rating on incremental and adaptive rating tasks. The hybrid algorithm also can be used to find appropriate biases that can result in a dramatic reduction in error. The hybrid approach achieves this while requiring only a linear increase in computation by roughly a factor of two over plain least-square method.
The proposed hybrid approaches have several benefits in all aspects of usability engineering-reliability and user acceptability. According to the reviewer, the idea has found applications in other research/applied practices, for instance Credit Rating Agencies (e.g. Standard and Poor's, etc.) are using in parallel qualitative and quantitative methodologies for providing their scores. It is expected to help to gain a better understanding of exact subjective need, prioritizing needs for development activities, distinguishing end users demand, adding the design trade-off process. Although disability research is mostly user centric, Kano evaluation in the disability rating acceptance might give a better understanding the characteristics of disability actual needs and to get natural requirements in assistive technology design. The gradient descent based weight updating of critical incidence scores are proposed as a new approach in qualitative weight adjustment.
In summary, this research combines the qualitative (using the gradient descent rule) and quantitative score to create a relatively unbiased rating system. This work deals with the analysis of 'Forer' and 'Hawthorne' effects in a subjective rating system. They propose a relatively hybrid unbiased rating system. Cronbach alpha test is used to ensure the reliability of the score and a gradient descent algorithm is used to update the alpha score. Kano analysis has also been used to see if the subjects are satisfied with the new rating process. This hybridization will be compared with other mechanisms in the future.
